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ABSTRACT
High-Speed Apparatus and Signal Processing for Acoustic Delamination Detection on
Concrete Bridge Decks
Lorin James Hendricks
Department of Electrical and Computer Engineering, BYU
Doctor of Philosophy
Maintenance and repair of deteriorating civil infrastructure are global problems requiring
significant attention and resources. Accurate measurements of civil infrastructure enable lower
repair and rehabilitation costs if mitigation techniques are deployed at earlier stages of
deterioration. This research describes an infrastructure inspection solution to scan concrete
bridge decks for internal cracking at high speeds.
Internal cracking within bridge decks, known as delamination, is a particularly difficult
defect to identify because it is often not detectable through visual inspection. State-of-thepractice testing approaches involve the use of slow and subjective manual sounding techniques
and costly lane closures. The need for an improved testing approach has led to decades of
research investigating the use of acoustic impact-echo testing to detect bridge deck
delaminations.
The research presented here consists of a study of the acoustic radiation patterns of
delamination defects when they are impacted. Acoustic data were collected on an in-service
bridge deck and compared to acoustic data collected on defects in decommissioned bridge deck
slabs and on simulated delaminations. This study examined cases of ideal and non-ideal
delaminations on the in-service bridge deck and identified characteristics of non-ideal
delaminations.
An apparatus consisting of a high-speed impact-echo platform and recording suite was
designed and constructed. Using this towed apparatus, an order-of-magnitude increase in
scanning speed was obtained over other reported methods. Significant design effort was
employed to achieve synchronization between different sensing devices using networked
computer systems. Analysis was also developed to process and automatically classify acoustic
responses to determine the presence and location of delaminations. Demonstrated performance
against ground truth data obtained on an in-service bridge deck includes an achievement of
approximately 90% probability of detection with only a 2% false alarm rate within 0.30 m.
Because of the need to classify acoustic data when ground truth may not be obtainable, a
new outlier rejection algorithm, which robustly removes outliers for classification on both
simulated and field test data, was also developed.
These contributions advance state-of-the-art bridge inspection and also lay the
groundwork for additional studies of bridge deck deterioration processes. The framework also
demonstrates how a tedious, subjective, and manual inspection process can be automated using
advanced excitation tools, signal processing, and machine learning.
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CHAPTER 1.

1.1

INTRODUCTION

Problem Statement
In an era of tight fiscal constraints, aging infrastructure around the world necessitates

improved techniques for inspection to guide rehabilitation efforts. Concrete bridge decks are
critical elements in transportation networks but are difficult and disruptive to close to trafficking
for inspection. Therefore, rapid, accurate, and nondestructive bridge deck inspection methods are
needed.

1.2

Introduction to Bridge Decks and Delamination Detection
Repair of aging transportation infrastructure is a pressing and expensive global challenge

[1]. While funding solutions generally depend on public policy and legislation, scientificallyvalidated assessment tools are also needed to prioritize and inform repair and rehabilitation
projects. Within transportation networks, bridges are critical elements for which new assessment
tools are needed. In the United States alone, there are 616,096 bridge decks [2] that should be
inspected on a semi-annual basis in order to ensure proper maintenance and safety [3].
Of all the components of a bridge, the bridge deck deteriorates fastest due to repeated
mechanical loading and exposure to corrosive elements. Visual inspection is most often used to
inspect the bridge deck [4]. However, while fast, visual inspection is very subjective and cannot
reveal information about defects that are not visually detectable [3, 5], and more sophisticated
testing is often slow and generally requires disruptive traffic control.
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One of the most significant defects that needs to be addressed is internal cracking, known
as delamination, which is a common but serious problem in concrete bridge decks. This
condition primarily occurs in coastal or cold regions because of regular exposure to chloridebased salts. Chloride ions can diffuse through the concrete cover and accumulate around the
reinforcing steel embedded in the bridge deck. This condition eventually causes corrosion of the
steel [5] as illustrated in Figure 1-1. The resulting formation of expansive corrosion products can
generate tensile stresses within the concrete that lead to separation of the concrete cover from the
steel [6]. This cracking is further aggravated by processes such as traffic loading and freeze-thaw
cycling, which eventually lead to the formation of potholes on the deck. Because significant
repair is necessary to restore concrete exhibiting such advanced stages of deterioration [7],
earlier detection that permits quicker, easier, and significantly less costly forms of repair is
preferred [8].

Figure 1-1: A cross section of a bridge deck showing the deterioration process.

2

The standard practice for detecting delaminations involves manual chain dragging and
hammer sounding. As shown in Figure 1-2, these methods are labor-intensive and subjective,
frequently require inspectors to work adjacent to live traffic, and are often conducted only after
potholes have formed [8].

Figure 1-2: Delamination survey via chain drag.

In addition to the difficulty of obtaining measurements, the inherent subjectivity of these
methods can lead to significant variations in results reported even by professional inspectors [9].
Aiming to replace these methods with automated technologies, researchers focused work on
impact-echo testing, starting in the 1980s [10]. This technique was first developed for a variety
of reinforced concrete structures and primarily focused on ultrasonic pressure waves. These
ultrasonic waves were measured using surface transponders placed on the bridge deck to
measure the wave as it propagated through the medium. This method achieved success as a
general inspection technique in other concrete structures, but it was not well received within the
3

bridge deck inspection community because of the difficulty of placing and moving the probes
across especially large concrete bridge decks [10, 11].
In 2001, researchers demonstrated that impact-echo testing could be used to measure the
ultrasonic vibrations of the concrete using an air-coupled microphone [11]. This crucial
development made large-scale interrogation of bridge decks feasible. While much attention was
then focused on excitation and measurement of the ultrasonic vibrations, another effort was made
to measure the flexural vibrations. These flexural vibrations corresponded to the acoustic
responses from traditional chain-dragging and hammer-sounding techniques.
Numerical analysis was also completed in several studies that examined the ultrasonic
and flexural waves of the concrete. Importantly, this analysis led to the general modeling of both
the ultrasonic thickness stretch mode and flexural mode waves and their resonant frequencies
[12-14]. While the ultrasonic thickness vibrations can be modeled as a simple pressure wave
within a plate, the flexural modes were shown to be somewhat between the vibrations of a
clamped and simply supported plate. This analysis also demonstrated that resonant flexural
frequency was determined by the radius-to-depth ratio of the delamination [15, 16].
Based on this understanding, researchers have used many methods to excite, record, and
interpret the acoustic responses, predominately including the following analysis methods:
frequency, phase, power, mode decompositions, and cross-spectral densities. Each of these
techniques generally focuses on measurements of either the ultrasonic or flexural waves;
however, each of these techniques has certain limitations or implementation restrictions.
Frequency analysis of the flexural mode generally involves the direct estimation of the
fundamental flexural mode’s resonant frequency, where a lower fundamental frequency
corresponds to areas of delamination. As the frequency is determined by the radius-to-depth
4

ratio, if the surface area is accurately measured, then the depth can be estimated [17]. Frequency
analysis is also performed on the ultrasonic thickness stretch mode, which increases in frequency
in the presence of a delamination [11]. However, regardless of wave type, this technique is
difficult in the presence of multiple resonance frequencies and is usually performed at individual
locations isolated with acoustic insulation.
Phase analysis is usually done with a 2-D surface transducer array and is usually
combined with amplitude measurements. When combined, it has achieved extremely accurate
subsurface inspection results. The array measures the initial ultrasonic pulse from the impact, as
well as the amplitude and phase changes from reflections within the concrete [16]. While this
method has been shown to be accurate, it is extremely slow due to the need to move the array
and ensure good mechanical coupling to the concrete surface. This method is also more difficult
with highly irregular cracks, as these may cause the propagating waves to scatter erratically [16].
Power measurements for delamination detection are generally constrained within the
expected frequency ranges corresponding to the flexural modes of delaminated areas. Higher
measured acoustic power corresponds to areas of delamination as the flexural modes of the
concrete transmit significantly more power to air-coupled microphones. This technique has
already been demonstrated to be widely deployable with preliminary successes across full bridge
decks [18, 19]; however, it does still require the use of traffic control. Additionally, the power
measurements for each bridge must first be calibrated, as environmental or bridge configuration
changes can mask delaminations or cause false alarms [20].
Both mode decomposition and cross-spectral density have been used to extract and model
the flexural response of delaminations, with both methods being typically measured by a surface
transducer. Mode decomposition specifically has been used with a variety of transforms,
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including short-time frequency transform, Hilbert-Huang transform, continuous wavelet
transform, and empirical mode decomposition. These methods have provided improved
capability for discerning and modeling the flexural resonance frequency [21]. Similarly, the
cross-spectral density method used two transducers positioned in line with the impact to find and
remove the surface Rayleigh wave, thus providing a better measurement of the flexural mode
[22]. However, as both methods utilize surface transducers, they are more difficult to perform
and have thus experienced limited overall adoption.
Other researchers have implemented multiple of these and other techniques to refine
delamination estimates [23-25]. However, the question of how to weigh and combine these
measurements has proven difficult.
Overall, most recent research has primarily focused on air-coupled measurement of the
flexural modes, as it is the easiest to perform on a large scale. These waves have also been easier
to excite and interpret as they better radiate power to the air-coupled microphones and are the
same vibrations detected during manual chain-dragging and hammer-sounding techniques [14,
26, 27].
Recently, some additional work was performed to investigate how to best excite these
flexural modes. Correlations were found between the excitation amplitudes and the mass and
radius of the impactor and also the contact time of the impact [28]. This research showed that the
higher contact time in the time domain was correlated with a sharper individual frequency
excitation. This principal led to the redesign of impactors with softer metals, such as brass, and
the design of “ball chains,” where spheres are used as impactors. Implementing these changes
has provided increased detection abilities [26].
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All the above-mentioned impact-echo techniques have been applied to bridge deck
scanning in some form. While these technologies have often been technically advanced with
reasonable localized success, all current technologies thus far have been designed for use at
walking speeds, which requires stationary traffic control for lane closures. Even when mounted
to vehicles, all of the acoustic impact-echo sounding techniques described in the literature are
generally operated well below 5.0 km/h and cannot generally scan a full lane width [14, 17, 19,
26, 29-31].
Other technologies outside of impact-echo testing have also been investigated to address
the need for a nondestructive delamination detection method. Three technologies, in particular,
have shown a reasonably high correlation with delamination measurements.
The first was the use of infrared thermography set up to measure the surface temperature
of the bridge deck during a period of active heating or cooling. Analysis could then be done to
detect places of non-uniform heating or cooling on the deck, which would suggest the location of
a thermal barrier such as a crack below a delamination [32]. However, this technology is
weather-dependent and is known to have issues with partial occlusion of the bridge deck surface
by shadows from surrounding structures or objects [15].
Another technology that has shown reasonable correlation with impact-echo testing was
the use of ground-penetrating radar (GPR), which was not only a very mature technology but
could also be operated at high speeds in some cases. The first method was done by directing the
GPR signal into the concrete bridge deck and measuring the power of the returned signal. By
detecting areas of signal attenuation, which have been shown to correspond to areas of high
chloride ion concentrations, a map of estimated delamination locations could be made [33, 34].
However, while related, these measurements are not an accurate measure of delaminated area, as
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the cracking may not have occurred yet or may have spread past the initial corrosion area. There
has also been some moderate success in using different types of GPR, such as microwave
synthetic aperture radar (SAR), to attempt to directly detect the internal cracking, albeit at a
much slower scanning speed [35].
Lastly, a recently developed approach involves measuring the electrical impedance
between the surface of the concrete and the reinforcing steel embedded in the deck. This
technique is based on measurements of ion mobility and has been shown to correlate with the
concentration of chloride ions in the concrete [36]. This method, known as vertical electrical
impedance (VEI) testing, has also been paired with the development of an attached large-area
electrode, which removes the need for a direct electrical connection to the reinforcing steel
structure and has shown repeatable, accurate measurement [37]. However, just like the GPR
attenuation technique, VEI measurements are also not an accurate measure of delaminated area.
Ultimately, all of these technologies and methods have been shown to be somewhat
effective in different areas to address the general inspection problem, but a technology that
allows for direct interrogation and delamination mapping of concrete bridge decks at high speed
has not yet been developed, thus motivating research towards this goal.

1.3

Summary of this Research
The research in this work required three different approaches in order to completely map

out a solution to the bridge deck inspection problem. They include (1) defining the basic physics
of delaminations as an acoustic source, (2) apparatus development, and (3) post-processing of
acoustic signals. The chapters of this dissertation are laid out following those three general
categories.
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Since it is important to understand the acoustic response that would be typical of
delaminations found in the field, Chapter 1 characterizes the acoustic responses of natural
delaminations excited from an impact. The importance of this work lies in investigating the
similarity between synthetic and natural delaminations in order to appropriately develop acoustic
models. To measure the sounds from a delamination experimentally, a custom microphone array
was constructed to analyze the acoustic radiation pattern from the concrete. Delaminations were
analyzed for in-service bridge decks, slabs from decommissioned bridge decks, and fabricated
slabs with simulated delaminations. From analysis of flexural concrete modes, a more accurate
acoustic radiation pattern of the concrete was demonstrated, specifically measuring the acoustic
power radiated across the area of the delamination. Importantly, excitation of the delamination
was also demonstrated even when striking outside the delaminated area. Finally, simulated
delaminations were tested with different materials to demonstrate characteristics of ideal and
non-ideal delaminations to establish correlations between simulated delaminations and those
within in-service bridge decks.
Secondly, central to this research was the construction and deployment of an apparatus
that can excite, record, and localize the acoustic responses of concrete bridge decks at speeds
high enough that lane closures and traffic control are not required. This high-speed platform was
shown to accurately detect delaminations at speeds up to 45 km/h when compared to
delamination maps prepared from a careful chain-drag survey. This platform required the design
of hardware and the development of software for data collection, synchronization, and
implementation of a Kalman filter localization estimation. Analysis was done with a
convolutional neural network trained to detect naturally forming delaminations on an in-service
bridge deck. This project required the efforts of multiple researchers, especially for the Kalman
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filter and convolutional neural network. Overall, the work achieved excellent results for bridge
deck scanning demonstrated in real-world conditions for rapid, repeatable, non-disruptive, and
nondestructive testing.
Third, while machine learning techniques proved to be more effective than traditional
signal processing techniques with regards to the detection of delaminations in the field, at other
times numerical techniques with limited assumptions were likewise shown to be able to perform
classification. This is especially the case on data sets when the underlying system was unknown.
A method for determining thresholds for outlier detection was explored as a general data analysis
technique that could be applied to acoustic data sets for automated classification. Starting from a
simple Gaussian assumption about the nature of an underlying set, the developed algorithm
allows for the verification of data or the discovery of anomalies within a sampled data set.
The concluding chapter outlines some general observations and conclusions that were
made throughout the research. The concluding chapter also offers recommendations for further
research.

1.4

Publications Resulting from this Research

The following publications resulted from this research:


L. Hendricks, W. S. Guthrie, and B. A. Mazzeo. Implementing statistical analysis in
multi-channel acoustic impact-echo testing of concrete bridge decks: Determining
thresholds for delamination detection. 44th Annual Review of Progress in Quantitative
Nondestructive Evaluation, AIP Conference Proceedings 1949, 040005, 2018.



B. A. Mazzeo, J. Baxter, L. Hendricks, and W. S. Guthrie. Project 202: Vertical electrical
impedance scanner for concrete bridge deck assessment without direct rebar attachment
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(Poster), Transportation Research Board Annual Meeting, Washington, DC, 2019
(Invited).


L. Hendricks, J. Baxter, Y. Chou, M. Thomas, E. Boekweg, W. S. Guthrie, and B. A.
Mazzeo. High-speed acoustic impact-echo sounding of concrete bridge decks. Journal of
Nondestructive Evaluation, 2020 (Under Revision).



J. Baxter, L. Hendricks, W. S. Guthrie, B. A. Mazzeo. Instrumentation for multi-channel
vertical electrical impedance scanning of concrete bridge decks, 2020 (Under Review).



L. Hendricks, W. S. Guthrie, and B. A. Mazzeo. Comparison of Acoustic Responses for
Natural and Simulated Delaminations in Concrete Slabs, 2020 (In Preparation).



L. Hendricks, W. S. Guthrie, and B. A. Mazzeo. Automatic outlier rejection based on
Gaussian assumptions of nominal response, 2020 (In Preparation).
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CHAPTER 2.

2.1

ACOUSTIC RESPONSES OF DELAMINATIONS IN CONCRETE

Delamination Model Introduction
Impact-echo testing is a common nondestructive technique used to identify and

characterize delaminations within concrete. The impact-echo technique consists of an impact to
excite waves within a medium and then the measurement of the response, or “echo,” from the
structure. For this technique, bridge decks are often approximated as a plate-like structure when
struck [14].
Propagating outwards from a point of impact, there are two types of body waves: Pwaves (pressure or primary waves) and S-waves (shear or transverse waves). A surface wave
called the Rayleigh-Lamb wave also propagates along the surface of the medium. After an
impact, all wave types are excited, and the physical response within the medium consists of a
superposition of these waves propagating [14]. From these waves, two larger motions, the
thickness stretch mode and flexural mode, result.
The thickness stretch mode is created from the ultrasonic P-wave propagating down
through the bridge deck and reflecting repeatedly off of the top and bottom surfaces. This wave
travels back and forth through the thickness of the medium, creating a particular resonance
known as the first-order symmetric (𝑆1 ) Lamb wave. This wave does not propagate radially and
is thus often referred to as a zero-group-velocity wave. Consequently, this stationary wave has
little dispersion, which also allows it to resonate longer. Without the presence of a delamination,
this resonance generally dominates the physical response and is modeled by the equation
𝑓𝐼𝐸 =

𝛽1 𝐶𝑝
2ℎ

,

(2-1)
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where 𝛽1 is the “shape” correction factor (generally 0.945 to 0.957 due to the physical properties
of concrete), ℎ is the deck thickness, and 𝐶𝑝 is the P-wave velocity. The impact-echo frequency
response, 𝑓𝐼𝐸 , is approximately 10 kHz for a typical bridge deck slab approximately 20 cm thick
[13]. However, this resonance frequency increases in the presence of a delamination because the
slab effectively has a smaller thickness due to the discontinuity of the delamination (thus a
smaller ℎ).

Figure 2-1: Partial density illustration of types of waves within a plate-like medium. P-waves
(left), S-waves (middle), and Rayleigh-Lamb waves (right).

However, in the presence of delaminations, especially large and/or shallow
delaminations, the flexural mode of the concrete is also substantially excited. The flexural mode
is formed primarily from the S- and Rayleigh-Lamb waves, along with the full-body motion, to
create a flexural plate-like resonance in the delaminated section [14]. When measured with an
air-coupled microphone, these flexural waves are the primary acoustic signal measured, as this
motion is directly transferred to the microphones utilizing the air as a coupling fluid [11, 14]. It
is this flexural wave that is generally detected when performing a manual chain-drag
delamination survey [14, 17].
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This resonance can be modeled as a fully-clamped plate in cases where the radius-todepth ratios exceed 20, but it must be modeled as a combination of a clamped and simply
supported plate for ratios between 5 and 15 with significant corrections for “edge effects” below
a ratio of 5 [15]. For the case of a rectangular delamination, the radius-to-depth ratio must first
be converted to the width-to-depth ratio. In this case, the modeling can first be written as the
natural frequency of a thin plate [38],
𝑓1 =

2
𝑘𝐷𝐿
𝜋

2ℎ2

𝐷

√𝜌ℎ ,

(2-2)

2
where 𝑘𝐷𝐿
represents the flexural vibration mode of a rectangular delamination with that width-

to-depth ratio, 𝐷 = 𝐸ℎ3 /12(1 − 𝑣 2 ), and ℎ, 𝐸, 𝜌, and 𝑣 represent the depth of the delamination,
Young’s modulus, mass density, and Poisson’s ratio, respectively. However, this can be
simplified for use with impact-echo testing by first finding the effective width, c, of the
delamination,
𝑐=

√2𝑐𝑤 𝑐𝑙
2 +𝑐 2 )
√( 𝑐𝑤
𝑙

,

(2-3)

using the width 𝑐𝑤 and length 𝑐𝑙 of the delamination [12]. This combined width factor can then
be used to find the fundamental flexural mode frequency using commonly measured values from
impact-echo testing with the equations
𝑓1 =

𝜖𝛽2 𝐶𝑝 ℎ 2

𝛽2 =

ℎ

( ) ,

(2-4)

𝑐

𝜋√1−2𝑣
√12(1−𝑣)2

,

(2-5)
𝑐

𝑐

where the edge effect can be added using 𝜖 = 1.64𝑒 0.0014ℎ − 1.1812𝑒 −0.22ℎ [15].
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Computer element simulations have been used to analyze the fundamental frequency in
relation to the radius-to-depth ratio. The simulations demonstrate that the fundamental frequency
is governed by the thickness stretch mode of the concrete for low radius-to-depth ratios, but, as
the radius-to-depth ratio increases, the flexural mode becomes the dominant resonance [14]. This
relationship is presented in Figure 2-2. From this figure, it can be observed that the modeling of a
delamination as a flexural wave begins at approximately a radius-to-depth ratio of 1.0. At smaller
radius-to-depth ratios, the thickness stretch mode resonates and is relatively unaffected by the
delamination, thus remaining relatively constant using the full thickness of the slab.

Figure 2-2: Numerically simulated fundamental frequencies over a round delamination across a
range of radius-to-depth ratios. (Data taken from [23].)

While the thickness stretch mode is typically measured with a surface transducer, many
of the waves can be measured with an air-coupled microphone [11]. After impact, the shear wave
and Rayleigh wave represent approximately 26 and 67% of the total energy of the propagating
waves, respectively [39]. The motion of the shear wave directly transfers its motion into the
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microphone via the air, which acts as a coupling fluid. The Rayleigh wave also has a portion of
its motion perpendicular to the plate and thus transfers its motion into the air-coupled
microphone. The motion of the propagating waves will eventually convert, through partial
reflection and mode conversion, into bulk body motion known as the flexural mode. This
flexural motion of the concrete will also couple into the air-coupled microphone. This additional
excitation will be greater in the presence of the delamination and can be used to better
differentiate samples [18, 28]. Furthermore, the flexural modes consist of the region where the
size of the delamination would necessitate a repair. This combination has focused research into
the excitation and analysis of the flexural mode according to the described models above.
This understanding of the flexural mode has been verified experimentally using simulated
delaminations in concrete slabs as well as in decommissioned concrete bridge deck slabs. In
addition to being used for model verification, these two measurement surrogates have also been
instrumental in the development of analysis techniques [4, 11, 14, 17, 21, 26, 30, 31].
Generally, simulated delaminations are created by inserting foam or other materials with
relatively low densities inside a form, before placing the concrete, to approximate the air gap
caused by a natural delamination. These surrogates are extremely useful because there are
substantial difficulties in obtaining measurements on in-service bridge decks, including the
difficulty that delamination locations, sizes, and depths are often unknown. However, these
simulated delaminations are vastly simplified when compared to naturally-occurring
delaminations, as depicted in Figure 2-3, and the concrete structure of a simulated delamination
also has none of the loading stresses of an in-service bridge deck.
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Figure 2-3: Naturally occurring delamination found in a decommissioned bridge deck slab with
the delamination circled in red. The delamination shown is the complete detachment of a concrete
patch made for a previous delamination repair, as seen in the two different colors of the cross
section.

Decommissioned bridge deck slabs can also be used for testing and development of
delamination survey techniques [9, 14, 16, 34]. These bridge deck slabs can contain
delaminations that have occurred naturally from the ingress of chloride ions corroding the
reinforcing steel and producing a crack. However, as with in-service bridge decks, the
delaminations available for study are limited to those that are naturally formed and cannot be
conclusively known without a destructive test. Additionally, as these bridge deck sections are
difficult to obtain, they are often used for multiple measurements, and previous experiments may
affect subsequent measurements. As these slabs are usually placed on the ground or on blocks,
these slabs also no longer have the loading stresses of an in-service bridge deck.
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In traditional impact-echo testing, impact excitation and the measurement of the aircoupled response are performed in distinct locations, and effort is made to isolate the response of
each area with acoustic insulation [14, 17, 28, 29]. However, in proposed high-speed
applications, this isolation is no longer possible, as the measured response will be a combination
of the response of a larger area both physically and temporally. Therefore, a better understanding
of the spatiotemporal acoustic response of natural delaminations is desired.
The goals of this study are (1) to develop an easily-deployed apparatus to quickly take
large quantities of spatially-resolved measurements that approximate a radiation pattern when
flexural modes are deliberately excited, and (2) to analyze and compare the flexural mode
acoustic responses of delaminations found in fabricated slabs with known delamination size and
depth, delaminations in a decommissioned slab from a concrete bridge deck, and delaminations
in an in-service bridge deck.

2.2

Measurement Device
In order to measure the sound radiation from the concrete while minimizing the direct air

wave from the impactor and environmental noises, an array of directional microphones (Pyle
PDMIC78) was built. The array was made by arranging 20 microphones into a four-by-five grid
with 2.5-cm spacing between the center of each microphone hole. The holes were drilled in a
0.635-cm-thick aluminum plate as shown in Figure 2-4. Each microphone was press-fit into the
holes and secured to the aluminum plate with a bolt and adhesive tape. To support the array away
from the measurement location, four legs extending 60 cm were attached. These legs were
rotationally adjustable to avoid the direct wave path from the impactor to the microphone array.
A ring of acoustic insulation foam 4 cm by 1.5 cm thick was placed around the microphone array
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to dampen sounds from outside sources. Insulation foam was not placed on the bottom of the
array to avoid inconsistent insulation between center and edge microphones.

Figure 2-4: Microphone measurement array. (a) Top of microphone array. (b) Bottom of
microphone array showing placement of microphones and foam insulation.

A striking implement was constructed using a solid aluminum rod that was 1.10 m long
and 0.95 cm in diameter, as shown in Figure 2-5. A soft brass ball was used as the concrete
striking element and was chosen for its longer contact time during impacts; longer contact time
has been shown to better excite the fundamental flexural mode response [28, 40]. A support
structure was designed to produce repeatable impacts by ensuring the brass ball could not be
raised out of the support structure, and a guiding rod was positioned upwards to align the
impactor. The support structure was made with a 0.8-m standoff from the impact location and
had rubber feet to avoid dampening the natural excitations of the bridge deck with any additional
weight. A microphone was suspended directly above the impact area to synchronize the
measurements and qualitatively ensure similar excitation. An accelerometer was fixed to the top
of the rod to estimate the impact time relative to the sound response. The accelerometer response
was recorded in parallel as an additional audio channel. A removable sheet-metal box with an
acoustic shield approximately 4 cm thick was added to the support structure to minimize the
19

direct air wave interference during testing and to also reduce interference from the natural
excitations of the bridge.

Figure 2-5: Photos of impactor design. (a) View of full impactor height and support standoff. (b)
View of brass ball impactor, microphone, and acoustic shielding support brackets. (c) Impactor
structure with acoustic shielding.

The microphones were each attached, using standard audio cables with 6.35-mm cable
jacks, to an audio interface (Focusrite Scarlett 18i20 -2nd Gen) for sampling at 44.1 kHz. Three
audio interfaces were used in parallel to record all 20 microphones. All of the audio interfaces
were connected to the triggering microphone in parallel to time-align the acoustic data. Each
microphone was polarity checked and then calibrated via a white noise speaker placed 2.5 cm
directly in front of each microphone.

2.3

Experimental Setup and Testing
Each test set was collected in the same manner described below. Delaminations were first

located using two traditional impact-echo survey techniques: first, a chain-drag survey for
general detection and, second, hammer impacts to refine the edges. A grid was then placed
across the deck surface to define measurement locations. Each grid location was given a
corresponding number. The impactor, with the acoustic insulation shielding, was placed in the
specific impact location while the microphone array was moved to each measurement location.
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Every location was measured twice to minimize data corruption or errors. Each measurement
consisted of a single recording containing five individual impacts. Finally, the entire response
was reconstructed using the grid and recording as shown in Figure 2-6.

Figure 2-6: Grid and recording setup over delamination map with example sampling numbers.

The acoustic insulation foam was then removed in order to approximate the far-field
radiation pattern of the initial impact location. The microphone array was placed at a distance of
122 cm with the microphone heads facing the location of the impact. The array was then lifted in
15 degree increments off of the deck as measured across the deck using a plumb line. The
distance was kept constant via wooden rods attached to the microphone array as shown in Figure
2-7.
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Figure 2-7: Measurement setup for far-field approximation pattern.
2.3.1

In-Service Bridge Deck Measurement Setup
A bridge in northern Utah that was known to contain a variety of naturally formed

delaminations was chosen to test the acoustic properties of delaminations within an in-service
bridge deck. This bridge had previously been completely surveyed via chain dragging by two
measurement teams [41]. A section of this bridge near the parapet wall was chosen to be
surveyed again with the measurement array as it was accessible with only a partial lane closure.
The delaminations from the previous survey were then re-located, and the grid was applied for
measuring. The measurement locations chosen represented a variety of delaminations. The
locations are shown in Figure 2-8 and were 1) the middle of a large delamination, 2) intact
concrete next to a delamination, 3) the edge of a large delamination located next to a group of
cracking that was believed to extend down to the delamination, and 4) the edge of a smaller
delamination. The delaminations were then measured as shown in Figure 2-9.
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Figure 2-8: Measurement locations shown as boxes on a representation of the in-service bridge
deck with delaminated areas from manual survey shown in red.

Figure 2-9: Measurement process on in-service bridge deck.
2.3.2

Decommissioned Bridge Deck Slab Measurement Setup
A decommissioned slab measuring 2.15 m by 1.52 m that contained three relatively small

delaminations, each less than 0.25 m2 in area (Figure 2-10), was selected for analysis. Impact
locations were selected in order to give a variety of responses, including 1) center of the largest
delamination, 2) intact section just outside the largest delamination, 3) intact section farther away
from the largest delamination, and 4) the edge of a smaller delamination. Neither of the two
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smaller delaminations were impacted directly as their size did not allow simultaneous impacting
and recording due to space constraints.
The grid was applied, and recording was performed in the same manner as for the inservice bridge deck. However, because of spatial constraints, the operator performing the impact
was positioned off of the slab as shown in Figure 2-11.
Previous testing had occurred on this decommissioned slab. The slab had been drilled for
sampling approximately every 0.3 m to a depth of approximately 8-10 cm into the 20-cm-thick
slab [42].

Figure 2-10: Measurement locations shown as boxes on the decommissioned slab with
delaminated areas from manual survey shown in red.
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Figure 2-11: Microphone array setup for slab measurements.
2.3.3

Simulated Delamination Measurement Setup
Three simulated delaminations were created in separate wooden box forms. Each

simulation was 1 m square and 14 cm deep. The three forms were used to test a variety of
materials with different rigidities. The size of the delaminations were chosen to be 38 cm by 76
cm to imitate delamination location 4 in the in-service bridge deck as shown in Figure 2-12.

Figure 2-12: Schematic of simulated delaminations.
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The materials chosen for the simulated delaminations were plastic-wrapped cardboard,
rigid polystyrene foam poster board, and neoprene foam rubber with uncompressed thicknesses
of 3.0, 4.6, and 6.4 mm. Two sheets of each simulated delaminated material were placed in a
wooden form, as shown in Figure 2-13.
The depth of the delaminations was controlled via wood screws placed into the bottom of
the forms. The wood screws were placed such that the depth to the top of the delamination was 5
cm on the left and 6.4 cm on the right as shown in Figure 2-12. These depths were chosen to
replicate a crack directly above and below the top reinforcing steel bars of the tested in-service
bridge deck. The forms were then filled with a standard concrete mixture having a water-tocement ratio of approximately 0.46 and about 7% entrained air. After being finished, the slabs
were covered with plastic sheeting to cure for 7 days and then exposed to ambient conditions for
an additional 7 days before testing was performed [43].

Figure 2-13: Simulated delamination creation process. (a) Box forms with screws marked in red
and delaminations at 5.0 and 6.8 cm marked with blue and green, respectively. (b) The concrete
was smoothed to the level of the screws, and then the delaminations were placed into the concrete
and covered with a second lift. (c) The surface was finished after the water bleeding. (d) Plastic
was used to cover the concrete after finishing.
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2.4

Measured Results
A power, speed, spectral content, and far-field analysis was performed on each of the

data sets. The power, speed, and far-field analysis tests were chosen to better understand the
radiation pattern from in-service bridge decks. Spectral content was chosen to compare the
measured response of the new materials within the simulated delaminations to the spectra found
on in-service bridge decks. These simulated delaminations were also compared to the theoretical
modeling.

2.4.1

Power Analysis
Average acoustic power radiating from the concrete was first calculated in the initial

wave front by analyzing the signal within the first 2.0 ms of impact reaching the microphone and
was reported as values over ambient using the equation
1

2
𝑃𝑥 = 10 ∗ 𝐿𝑜𝑔10 ( ∑𝑁−1
𝑛=0 (𝑓[𝑛]) ),

(2-6)

𝑁

where N is the number of samples within the time window and 𝑓 is the recorded audio signal.
The log power results were then overlaid on top of an image of the manual delamination
survey, shown in Figure 2-14. This same analysis was done for an impact of 20 ms, as shown in
Figure 2-15. As this measurement is a time-averaged power, the longer time scale results in
lower power for the entire impact. However, the difference in time scales was chosen to
demonstrate the varying levels of total excitation for the resonances. Impact locations are marked
with a black dot.
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Figure 2-14: 2.0-ms audio power excitation pattern shown as colored dots with the impact location
marked in black. Manual delamination survey results for the in-service deck are placed underneath
and are marked with red. (a) Location 1, (b) Location 2, (c) Location 3, (d) Location 4.
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Figure 2-15: 20-ms audio power excitation pattern shown as colored dots with the impact location
marked in black. Manual delamination survey results for the in-service deck are placed underneath
and are marked with red. (a) Location 1, (b) Location 2, (c) Location 3, (d) Location 4.

Power analysis was also done for four impact locations on the decommissioned deck
slabs at 2.0 ms and 20 ms, as shown in Figures 2-16 and 2-17, respectively. The impact locations
were areas on the decommissioned deck slab that were directly on top of or next to a
delamination, similar to the process conducted on the in-service bridge deck.
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Figure 2-16: 2.0-ms audio power excitation pattern shown as colored dots with the impact location
marked in black. Manual delamination survey results for the decommissioned deck slabs are
placed underneath and are marked with red. (a) Location 1, (b) Location 2, (c) Location 3, (d)
Location 4.
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Figure 2-17: 20-ms audio power excitation pattern shown as colored dots with the impact location
marked in black. Manual delamination survey results for the decommissioned deck slabs are
placed underneath and are marked with red. (a) Location 1, (b) Location 2, (c) Location 3, (d)
Location 4.

Finally, power analysis was performed for the three simulated delaminations for both 2.0
ms and 20 ms audio power excitation, as shown in Figures 2-18 and 2-19, respectively. Impacts
were performed directly over the two depths for comparison.
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Figure 2-18: 2.0-ms audio power excitation pattern shown as colored dots with the impact location
marked in black and simulated delaminations marked in red. Simulation 1: 5 cm and 6.4 cm are
(a) and (b), respectively. Simulation 2: 5 cm and 6.4 cm are (c) and (d), respectively. Simulation
3: 5 cm and 6.4 cm are (e) and (f), respectively.
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Figure 2-19: 20-ms audio power excitation pattern shown as colored dots with the impact location
marked in black and simulated delaminations marked in red. Simulation 1: 5 cm and 6.4 cm are
(a) and (b), respectively. Simulation 2: 5 cm and 6.4 cm are (c) and (d), respectively. Simulation
3: 5 cm and 6.4 cm are (e) and (f), respectively.
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2.4.2

Wave Speed Analysis
Wave speed analysis of the time to arrival of each of the samples was also calculated.

This was done by time-aligning the audio response of the triggering microphone attached to the
impactor and then plotting a linear path of microphones across multiple impacts. This analysis
also demonstrates the wave progression through the medium; Figure 2-20 shows transverse
speed (across the deck) and longitudinal speed (along lane of travel).

Figure 2-20: In-service bridge deck measurements of wave speed. (a) Locations for transverse
wave speed measurement. (b) Measured transverse wave speed from microphone array. (c)
Locations for longitudinal wave speed measurement. (d) Measured longitudinal wave speed from
microphone array.

The speed was processed for both directions for the decommissioned deck slab as shown
in Figure 2-21. This was done using the same alignment method; however, due to the lower
amplitude measurement, the audio signal’s amplitudes were scaled to be 10 times that of the
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bridge deck. The quieter measurements from the intact location allowed for the measurement of
the direct air wave, shown in Figure 2-21. The speed analysis was also done for the simulated
delaminations. However, the results were the same as those obtained for the decommissioned
bridge deck slabs (Figure 2-22).

Figure 2-21: Decommissioned slab measurements for wave speed. (a) Locations for delamination
source wave speed measurement. (b) Measured wave speed from delamination source microphone
array. (c) Locations for intact source wave speed measurement used to measure air wave. (d)
Measured intact source demonstrating air-wave speed from microphone array.
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Figure 2-22: Simulated delamination speed measurements. (a) Measurement locations on
simulated delamination. (b) Measured wave speed from microphone array.
2.4.3

Spectral Analysis
Audio spectral analysis was done by performing a short time Fourier transform using the

equation
𝑚𝑘

−2𝜋𝑖 𝑛
𝐴𝑘 = ∑𝑛−1
𝑚=0 𝑎𝑚 𝑒

∶ 𝑘 = 0, … , 𝑛 − 1,

(2-7)

where 𝑘 is the individual frequency bins and 𝑛 is the length of the time domain signal 𝑎.
Audio spectral analysis was performed across the first 10 ms of the impact for the center
of the delamination. An intact area for comparison was also chosen at a similar distance. To
obtain consistent results, all measurements were performed on microphone 8 (center column,
third row, as shown in Figure 2-4). This was done in two separate locations on the same
delamination on the in-service bridge deck, as shown in Figure 2-23. The decommissioned
bridge deck slab results are shown in Figure 2-24. The simulated delaminations results are shown
in Figure 2-25. Despite using very different materials, the three simulated delaminations
produced fundamental frequencies of 1.10, 1.08, and 1.18 kHz.

36

Figure 2-23: Audio-spectra measured for in-service bridge deck. (a) Measurement locations. (b)
Acoustic frequency response for location 1. (c) Acoustic frequency response for location 2.

Figure 2-24: Audio-spectra measured for decommissioned bridge deck slabs. (a) Measurement
locations. (b) Acoustic frequency response.
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Figure 2-25: Audio-spectra measured for simulated delaminations. (a) Measurement locations for
each of the simulated delamination samples. (b) Acoustic frequency response for sample 1. (c)
Acoustic frequency response for sample 2. (d) Acoustic frequency response for sample 3.
2.4.4

Far-Field Approximation
The far-field power analysis was computed using the majority of the impact. These are

shown for the in-service bridge deck in Figure 2-26, the decommissioned slab in Figure 2-27,
and simulated delaminations in Figure 2-28. This measurement was done without the acoustic
shielding on the impactor to better understand the response of the impact itself. Impacts were
compared on each of the deck types for both intact and delaminated sections of concrete. The
response is also superimposed with the traveling ultrasonic flexural waves within the concrete.
These traveling waves propagate outward at an angle of approximately 60 degrees from
horizontal.
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Figure 2-26: Far-field approximation radiation pattern of in-service bridge deck. (a) Impact
locations. (b) Acoustic radiation pattern.

Figure 2-27: Far-field approximation radiation pattern of decommissioned slab. (a) Impact
locations. (b) Acoustic radiation pattern.

The time was limited to 10 ms to minimize reverberations off of surrounding walls or
buildings. The results between the delaminated and intact sections of concrete were then
compared.
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Figure 2-28: Far-field approximation radiation pattern of decommissioned slab. (a) Impact
locations, (b) simulation material 1, (c) simulation material 2, (d) simulation material 3.
2.5

Discussion
There are several observations that are noteworthy in the measurements. The first and

perhaps most important observation is that excitation of delaminations can occur even if the
delamination itself is not struck and can radiate 12 dB above the surrounding concrete during the
initial excitation. This would, in part, explain the large variance in delamination surveys even
when performed by trained technicians. It is known that the subjectivity inherent in manual
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surveys makes the identification of delaminations difficult; however, the results presented here
show that a delamination could not only be missed by failure to hear one of the “quieter”
sounding delaminations, but also that a delamination may be marked larger than its actual size if
a technician hears the excited delamination when striking the area next to it. As expected, when
considering the full 20-ms measurement, it is clear the indirect impact does not excite the
resonance as much as a direct impact.
Also as expected, the power results on the in-service bridge deck show that natural
delaminations do behave like thin, clamped plates. The acoustical power radiated here is
relatively uniform around the edges of the delamination, with a peak in the middle. However, not
all delaminations resonate as strongly or uniformly, demonstrating that at least some natural
delaminations have complicating factors.
Analytical solutions for the simulated delaminations do not depend on the material of the
delamination; therefore, using Equation 2-4, all three samples should have an expected
fundamental frequency of 987 Hz (for Poisson ratio of 2.0, phase velocity of 3800 m/s, and edge
correction). Thus, all three samples contained fundamental frequencies that were very close to
the analytical models after correction factors were applied. The slightly higher frequencies
obtained for sample 3 might be due to the extra compression of the soft neoprene rubber,
creating a thicker concrete layer over the delamination than the other two. The ridged
polystyrene board behaved the most similar to the ideal plate vibration with a single fundamental
frequency. The sealed cardboard was expected to crush and deform somewhat during
construction, creating a more varied structure. It is believed that this is why it behaved most
visually similar to the spectra of in-service bridge deck location 2, with multiple frequency peaks
below 2 kHz.
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There are many cracks that appeared quite deep on the in-service bridge deck in the top
center of location 3, although it is unknown which, if any, of these cracks reached the level of the
delamination. No noticeable increase in acoustic radiation was measured from these points above
that of the other sections of the delamination. This is expected, as the higher leaky lamb wave
excitation that occurs around discontinuities such as cracks [44] should not be as high as the
flexural wave acoustic radiation.
The previously drilled test holes in the decommissioned bridge deck slabs did not seem to
greatly distort the speed measurements but may have created impedance changes within the
structure and may have contributed to the smaller overall acoustic radiation from the
decommissioned slab. The exception to this is the large coring hole in location 4 that passes
through the concrete; it did introduce variations around it. Alternatively, the unsupported edge of
the delamination may have reduced acoustic power radiated as the cantilevered edge further
departs from the fully clamped and simply supported models.
The wave speed of the delamination was approximately 150 m/s (8%) faster for the
transverse direction on the in-service bridge deck, although a faster sampling rate would be
necessary for a more accurate measurement. This change is probably due to the structural
differences and stresses within the bridge, as this was not a post-tensioned bridge. The structural
stresses may be different due to the presence of transverse cracking. These cracks are very
common on bridge decks that break up the longitudinal span and are present on the selected
bridge. The decommissioned slab and simulated delaminations had wave speeds almost identical
to the longitudinal wave speed at 1750 m/s.
The wave speed measurements taken from striking an intact section of the slab, shown in
Figure 2-20, demonstrated that the microphone array does not have any major contributions from
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the direct air wave. The air wave measurements can be shown with an overall delay of
approximately 3 ms, corresponding to an additional 1.0 m. This difference would correspond to
the top of the impacting rod and accelerometer mounting and were still only 6 dB. This
demonstrates the effectiveness of the insulation foam for limiting the direct impact’s air wave.
Measurements were done by placing a speaker below the array to verify the isolation of each of
the microphones. It was found that there was an approximately 10 dB drop across 10 cm. The
extremely small amplitude signals on the bridge deck exceeded this, showing a 14 dB difference
across 10 cm. This difference demonstrated both the success in isolation due to the proximity of
the directional microphones and the radiation difference between an intact and delaminated
section of bridge deck.
The far-field approximations show that the acoustical energy of the in-service bridge
deck delaminations are mostly radiated vertically with a 10-dB difference. The impacts on the
decommissioned slab and simulated delaminations were smaller, with a 5- to 6-dB difference on
the intact concrete and a smaller 4- to 5-dB difference on the delaminated concrete. It is believed
that the decommissioned bridge deck slab’s cantilevered edge might have contributed to this
difference. The smaller amplitude for the simulated slabs was believed to be related to the
dampening effect of the material placed within the simulated delamination when compared to the
air of the natural delamination. As discussed, this air-coupled measurement also contained the
ultrasonic wave propagating outward and seemed to have an increase in power at approximately
the 60-degree mark for the decommissioned bridge deck slab. However, the initial impact
excitation and bulk motion of the in-service bridge deck radiated more energy. This radiation
was predominately vertical and was most distinct on the in-service bridge deck.
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2.6

Conclusion
Most measurements collected support the prevailing understanding of impact-echo

surveys in bridge decks with some additional insights, although there are notable variations. As
expected, the majority of the in-service bridge deck delaminations appear to radiate power
similar to thin plates. Some of the idealistic delaminations contain spectra with large individual
resonances. However, some of the delaminations do not radiate uniformly, and in most cases the
fundamental flexural mode is surrounded by multiple other frequency peaks.
While previously assumed, it has now been shown that striking intact concrete can excite
nearby delaminations to noticeable levels, but these resonances radiate substantially less power
over time than direct excitation. If non-idealistic delamination behavior is desired, choosing a
material that deforms appears to imitate more complicated delamination spectra. In this case, the
spectra of the simple sealed cardboard appeared closest to the in-service delamination location 2.
The acoustical energy at the initial impact location is radiated mostly vertically, making a
position immediately above the surface an optimal location for a measurement of the impact
response. When acoustical shielding is not available, the concrete needs to be modeled as a
distributed acoustical source. To improve robustness, the frequency modeling of delaminations
should be verified on delaminations with non-ideal characteristics. The introduction of varied
materials may better simulate the non-ideal resonances found in in-service bridge decks and
should be combined with different depths and shapes for a more complete simulated result.
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CHAPTER 3.

3.1

DESIGN OF A HIGH-SPEED, IMPACT-ECHO PLATFORM

Initial Considerations
A high-speed impact-echo device capable of scanning the full width of a lane has long

been desired for bridge inspections but has been difficult to achieve in practice. Specifically,
since surveys at speeds greater than approximately 35 km/h can often be performed without
stationary traffic control, a high-speed scan can greatly reduce survey costs and traffic
disruption. However, acoustic impact-echo testing at this speed (with a desired maximal spatial
resolution of approximately 10 cm) requires sampling at an approximate time interval of 10 ms.
Thus, in order to provide such rapid mechanical excitation of acoustic responses, alternatives to
chain dragging and hammer sounding are necessary, as these traditional excitation methods
cannot be implemented at such high speeds [11, 15, 19, 26, 28, 35].
The research approach of this work was to deploy a new full-scale scanning method that
builds upon the understanding obtained from laboratory testing. This development was
performed with audio analysis exclusively from in-service bridge decks to avoid any errors due
to the differences between in-service bridge decks and the simplified models. To that end, a
completely new approach to concrete bridge deck scanning is presented in this work.

3.2

Physical Apparatus
An innovative, high-speed, acoustic impact-echo sounding platform was developed in

this research. The acoustic excitation was performed using vehicular tire chains commonly
utilized to enhance traction in icy road conditions. The tire chains were augmented by two larger
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chains, each with a 0.96-cm material diameter, that were fastened around the tire circumference
near the edges of the tire treads to provide consistent and redundant mechanical impacts, as
shown in Figures 3-1a and 3-1b. Because of the greater thickness of the larger chains, the smaller
chains did not strike the deck surface; instead, they supported and maintained the positions of the
larger chain links. Individual links of the larger impacting chains struck the concrete in a manner
similar to how individual chain links are used to strike the concrete in traditional chain-drag
surveys in order to excite the desired acoustic responses [26, 28]. The tire rubber acted as a
flexible, compliant material, ensuring that impactor rebounds were tightly constrained. This
design provided impacts approximately every 4 cm regardless of travel speed as long as any
vibrations of the trailer could be controlled.
The moving platform consisted of a structural T-shaped bar to which three independent
pairs of chained wheels were attached with hinges to reduce the transfer of vibrations among
wheels and accommodate deck height differences. A pair of wheels is shown in Figure 3-1b, and
the full platform is shown in Figure 3-1c. Vibrations were further dampened by the insertion of
three stacked 5.0 cm by 7.6 cm by 0.6 cm neoprene rubber sheets between the spring hangers and
the side rails to which the hangers were attached. Vibration dampening and energy dissipation
were also achieved by the placement of a weight in the form of a bucket of sand over each pair of
wheels, with each sand bucket containing approximately three liters of dry, freely moving sand.
All three pairs of wheels were then connected to a steel cable and a lifting bar that was raised
with an electric winch for ease of travel between testing locations.
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Figure 3-1: Overview of the rapid sounding approach for evaluating concrete bridge decks. (a)
Chain links around a tire for repeatedly impacting the concrete bridge deck to produce an acoustic
response, which may indicate the presence of delamination. (b) Thick, circumferential chains for
mechanically exciting the bridge deck and directional microphones for recording the acoustic
responses of the repeated impacts. (c) Complete high-speed bridge deck scanning apparatus with
six chained tires and recording microphones. (d) 1-s spectral density (sd) spectrogram of a single
channel of audio recorded while passing over two delaminations, which are visible as broadband
spikes of acoustic energy approximately 20 to 30 dB above the ambient traffic and normal chain
noises.

Six directional microphones, one for each of the six wheels, were positioned to record
acoustic responses from a given wheel while reducing contributions from other wheels. These
microphones were connected to a multi-channel digitizer. The spectrogram audio response
obtained from one of these microphones while crossing two delaminations is shown in Figure 31d, which shows that the impacts produce acoustic responses similar to the single-point
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excitation of flexural modes corresponding to delaminated regions as reported in other studies
[15, 16, 19, 28]. In this work, delaminated regions often exhibit a broad frequency response
between 1.5 and 3.0 kHz, with additional excitation of higher frequencies. The platform provides
such rapid impacts at a reasonably high speed that the acoustic responses of the impacts are not
distinct but are actually blended. The overall trailer design is shown in Figure 3-2.

Figure 3-2: High-speed impact-echo platform with parts labeled.
3.3

Data Collection, Synchronization, and Localization
The platform included a differential global positioning system (DGPS), a high-definition

camera, and two light detection and ranging (LiDAR) units, as displayed in Figure 3-3a. The
camera was primarily used for precise determination of the times when the platform crosses onto
and off of a bridge deck and was also focused on a laser ruler for distance measurement. LiDAR
units were positioned to measure the transverse distances to the parapet walls. Data from each
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device were recorded by a set of synchronized single-board computers (SBCs) via a network
time protocol (NTP) server as shown in Figure 3-3b. Further synchronization was accomplished
through GPS synchronization pulses, which were recorded by controllers for the camera and
LiDAR, according to the recording scheme shown in Figure 3-3c. The camera controller
recorded the timing of digital shutter pulses for synchronization, while the LiDAR controllers
interfaced with the LiDAR units and recorded timing directly. Correlation with GPS timing
pulses allowed precise timing alignment of the data streams, removing inconsistent timing
uncertainty due to USB reading and writing delays. Audio from the microphones was recorded at
44.1 kHz, and GPS timing pulses were recorded as an additional audio channel by the digitizer.
All SBCs were controlled from a laptop running a Python graphical user interface to control the
starting and stopping of the data acquisition devices, as well as their settings.
Testing with this platform requires a driver and an operator. The driver is responsible for
maintaining consistent distances from the parapet walls and controlling the overall scanning
speed, while the operator is responsible for raising and lowering the trailer platform, which
involves operating a switch from within the vehicle cabin, and recording data.
After the data were recorded and synchronized, reconstruction of the time-resolved
spatial position estimates of the testing apparatus relative to structural features on the bridge deck
was performed using a continuous-discrete extended Kalman filter with a Rauch-Tung-Striebel
smoother [45, 46]. This Kalman filter combined data from multiple sensors in a mathematical
vehicle model in order to perform better spatial localization. The Kalman filter also rejected
samples outside a reasonable exclusion, or Mahalanobis, distance in order to remove LiDAR
measurements associated with passing cars, rather than the parapet walls, in adjacent lanes.
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Figure 3-3: Localization methodology overview and equipment. (a) Localization box containing
two LIDAR sensors, a camera, and a laser ruler and laser pulse for frame synchronization. (b) Data
collection unit containing three single-board computers (plus a spare) for data recording and a
network switch for synchronization and control. (c) Overview of the data collection process during
scanning.

3.4

Audio Processing
The acoustic responses were processed using an overall machine-learning approach by

implementing a convolutional neural network (CNN) as shown in Figure 3-4. This methodology
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was chosen to mimic neural network configurations for basic image processing [47]. The only
significant difference was use of a one-dimensional filter to preserve frequency information from
the spectrograms.
The audio data were preprocessed through calculation of a single spectrogram having a
total size of 50 ms and a bin size of 5 ms, which was then truncated from 1 to 10 kHz for each
microphone channel. Spectrograms were calculated at 5-ms intervals, resulting in 90% overlap.
The size of each of the resulting spectrogram matrices was therefore 54 frequency bins by 10
time bins. Each spectrogram value was normalized by the median value of the spectrogram, and
the logarithm of each value is used in further processing.
For main processing of the CNN, the spectrogram values were then entered into a onedimensional convolutional filter (across the time dimension), a rectified unit activation function,
two fully connected layers, and a sigmoid function. A probability transform was then applied,
with the output representing the probability that the window centered on the nth time bin
represents delaminated concrete.
The output of the CNN was then passed through a seven-tap mean filter to account for the
overlapping nature of the sliding spectrogram. A threshold was then applied to the filtered
probability of delamination for the final classification decision.
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Figure 3-4: Signal processing overview for audio data. 50 ms spectrogram (5 ms time slices and
54 frequency divisions from 1 kHz to 10 kHz) frame passed sequentially through the steps of the
CNN (including convolutional (Conv), rectified linear unit activation function (ReLU), fully
connected (F.C.), sigmoid, and probability transform layers) before a summation of the CNN
outputs from overlapping frames is obtained to form a damage metric for each 5 ms time segment.

3.5

Field Testing and Data Labeling

An 85-m-long bridge deck in northern Utah that exhibited a wide variety of delamination sizes
(ranging from several centimeters to more than a meter wide) was selected for field testing using
the new high-speed acoustic impact-echo sounding apparatus. As shown in Figure 3-5, the deck
was carefully surveyed by two teams of researchers using manual chain dragging to establish the
actual locations and sizes of delaminations. To mitigate the effects of subjectivity inherent in this
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method, three experienced researchers were assigned to each team to find and mark
delaminations. The resulting delamination map was considered to be ground truth for the
purposes of training the CNN.

Figure 3-5: Demonstration of the manual survey process. Manual chain dragging (left), marking
(middle), and recording of delaminations found on the selected bridge deck (right).

The bridge was carefully scanned at three discrete speeds (25, 35, and 45 km/h) to create
data set B (B25, B35, B45, respectively) with a wide range of testing conditions for training of
the CNN. The data from these scans were then divided by lane direction, southbound (SB) and
northbound (NB), to produce physically separated training and testing data sets for the CNN. The
training data sets were then used to generate labeled spectrograms for the machine learning
algorithm.
An additional testing data set (data set A), which had been obtained two months earlier
on the same deck, was also divided into SB and NB lane directions and analyzed using the
trained CNN. This data set involved 19 scanning passes, with variable driving speeds ranging
from 30 to 40 km/h. This data set was excluded from the original CNN training in order to
facilitate training on data sets for which the scanning speed was accurately known.
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Not all passes from each of the data sets were used in either training or testing for the
following reasons: 1) starting of the recording after crossing into the testing area, 2) not lowering
the trailer completely so all six wheels touched the road for the full duration of the test, or 3) the
occurrence of a recording error associated with the camera or the loss of an electrical connection
to the LIDAR during testing. Passes that were included in the analysis are presented in Table 3-1
(while data set A-SB was used for neither training nor testing, it was plotted for visual analysis).
The methodology used to label each spectrogram is described graphically in Figure 3-6. Models
were trained on data clearly labeled as either intact or delaminated. The process of labeling
involved discretizing the bridge deck into 0.152-m squares. These squares were initially labeled
as delaminated if any square contained a part of any delamination documented on the groundtruth map. Then, from this initial map, a new map of delaminations was made by moving the
boundary of every delamination inward, toward the center of the delamination, by 0.152 m in
order to form an “eroded” map. Training windows of 50 ms for which more than 50% of their
path was located within this “eroded” map were then labeled as delaminated for CNN training.
An additional map was made for delaminations, where the boundary of every delamination was
moved outward, away from the center of the delamination, by 0.304 m to create a “dilated” map.
Training windows for which 100% of their path was located outside the “dilated” map were
labeled as intact for CNN training. This procedure was used to account for the possibility of
minor localization errors in the data and to avoid overfitting on the edges. Spectrograms not
meeting these requirements were not used in the CNN training. This procedure limited the
minimum transverse size of training delaminations to approximately 0.48, 0.55, and 0.62 m for
data taken at 25, 35, and 45 km/h, respectively, with a minimum longitudinal size of 0.304 m.
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Table 3-1: List of passes indicating their use and inclusion in training or testing.
Data Set

Individual Passes Used

Number of
Passes Used
10

Total Number
of Passes Taken
12

A-NB

3,5,7,9,11,13,17,19,21,23

A-SB

4,6,8,10,12,14,16,18,20

9

12

B25-NB

3,5,9

3

5

B25-SB

2,4,10

3

5

B35-NB

1,11,15,17

4

10

B35-SB

2,6,8,12,14,16,20

7

10

B45-NB

3,7,9,13,15

5

8

B45-SB

2,4,6,8,10,14,16

7

8

Used in
Training

Used in
Testing
Y

Y
Y
Y
Y
Y
Y

Figure 3-6: Maps of the original, eroded, and dilated delamination areas, with boxes representing
the area scanned by a single channel in 50 ms and labels of A, B, and C indicating examples of
training data from intact concrete, training data from delaminated concrete, and unused training
data, respectively.
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3.6

Measurement Metrics
Two metrics, probability of detection (𝑃𝐷 ) and probability of false alarm (𝑃𝐹𝐴 ), were used

to quantitatively evaluate the system’s performance. These metrics represented the ratio of
correct detections to total interrogated delamination area as well as the ratio of false detections to
total interrogated intact area [48]. These metrics were calculated by discretizing both the groundtruth map and the high-speed acoustic impact-echo maps into 0.152-m by 0.152-m squares and
treating every scanned square as an individual point to calculate 𝑃𝐷 and 𝑃𝐹𝐴 , as shown in Figure
3-6c. If at least one delamination was determined to be present in any pass, the square was
labeled as delaminated. Additionally, to account for and limit the impact of spatial localization
errors in both the scanning system as well as the ground-truth map, 𝑃𝐷 and 𝑃𝐹𝐴 were also
calculated with applied 0.30-m and 0.46-m boundary extensions. In these cases, when 𝑃𝐷 was
calculated, a given delamination on the ground-truth map was considered to be detected if an
estimated detection was contained within the specified boundary extension. Similarly, when 𝑃𝐹𝐴
was calculated, an estimated detection was not marked as a false alarm if there was a
delamination present within the boundary condition in the ground-truth map. To demonstrate the
process of analysis, an example of raw probability output, thresholding, discretization, and
boundary extension for a small section of a single pass at 35 km/h are shown in Figures 3-7a
though 7d, respectively.
An additional statistic, the overall delamination percentage, was also calculated as an
objective overall metric for bridge deck condition. This percentage is based on the ratio of the
number of discretized squares that were determined to be delaminated with no boundary
extension to the total number of discretized squares that were interrogated. This single number
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represents the overall condition of the bridge with respect to delamination and is often used in
bridge deck management.

Figure 3-7: (a) Map showing continuous probability of delamination for data set B35-NB pass 1,
plotted across the actual (ground-truth) delamination map (red). (b) Delaminated (yellow) and
intact (blue) estimates after application of threshold to data presented in (a) across the actual
delamination map (red). (c) Discretized results from (b) with specific analysis categories shown.
(d) The same discretized results as (c) shown with a 0.3-m boundary extension applied to
delaminations.
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3.7

Threshold Selection
As indicated earlier, a numerical threshold was applied to the filtered probability of

delamination for the final classification decision. To inform the selection of this threshold,
receiver operating characteristic (ROC) curves were calculated for each of the data sets. These
ROC curves, which show the effect of a particular threshold on 𝑃𝐷 and 𝑃𝐹𝐴 , are shown in Figure
3-8. Since a simple binary “all-or-nothing” approach to classifying a discretized square as a
delamination was used for this research, increasing 𝑃𝐹𝐴 resulted in maps with increased noise
and over-estimated overall delamination percentages. To select a universal threshold for all data
reported in this study, the expression 3(1 − 𝑃𝐹𝐴 ) + 𝑃𝐷 was maximized instead of using the
standard “northwest corner” of (1 − 𝑃𝐹𝐴 ) + 𝑃𝐷 as practical consideration was given to (1) the
frequency (2 to 3 times) that each square was often interrogated and (2) the labeling of an entire
square as delaminated when a single delamination was detected in any pass. This all-or-nothing
approach made limiting 𝑃𝐹𝐴 more important. The threshold value was subsequently computed for
each of the four test sets and four distances and ranged from 0.75 to 0.83. Consideration was then
given to the difference between the estimated overall delamination percentage and the percentage
computed from the ground truth map, with the final threshold being chosen to be 0.81. Using this
threshold, maps were generated from multiple passes for each of the data sets. The resulting 𝑃𝐹𝐴
and 𝑃𝐷 for this selected threshold are shown as black dots in the graphs in Figure 3-8.
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a)

b)

c)

d)

Figure 3-8: ROC curves used to evaluate the performance of the CNN implementation across all
possible thresholds for (a) data set B25-NB, (b) data set B35-NB, (c) data set B45-NB, and (d)
data set A-NB.
3.8

Results
The mapped results of all the testing are shown in Figure 3-9. The delaminations detected

using chain dragging are shown in Figure 3-9a and are overlapped by the delaminations detected
using the high-speed acoustic impact-echo sounding apparatus in Figures 3-9b to 3-9e. A tabular
presentation of the results is given in Table 3-2. For all testing sets, the average value of 𝑃𝐷 was
52%, 87%, and 93% for boundary extensions of 0.0, 0.30, and 0.46 m, respectively, and
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corresponding values of 𝑃𝐹𝐴 were 7%, 2%, and 1%. The significant improvement associated with
increasing the boundary extension indicates the importance of accurate localization in
determining these statistics. The ground-truth map indicates that the SB and NB lanes exhibited
8.2% and 9.1% delamination, respectively, and the overall delamination percentages predicted
by the high-speed acoustic impact-echo device were ±2.1% of the actual delamination
percentage of 8.2% for all data sets, even for the data set that contained only three passes.

Table 3-2: Averaged probability of detection and probability of false alarm with 0.00-, 0.30-, and
0.46-m boundary extensions and estimated and actual delamination (delam.) percentages for
data sets.
Actual
Delam.
Percentage

Estimated
Delam.
Percentage

𝑃𝐷

A-NB

7.7

8.0

54.1

8.2

92.5

2.3

95.9

1.5

B25-NB

7.2

9.3

43.8

7.9

80.2

3.0

90.0

1.9

B35-NB

7.3

7.8

50.2

6.8

88.9

1.4

92.7

0.8

B45-NB

7.9

7.7

55.2

5.9

85.4

1.1

92.4

0.4

A-SB

10.0

8.9

58.6

6.4

91.2

1.7

96.8

1.1

B25-SB

9.7

10.3

45.4

9.6

80.5

3.8

90.8

2.4

B35-SB

9.6

9.2

55.3

7.3

91.0

1.9

94.6

0.8

B45-SB

9.8

8.1

50.8

6.2

85.1

1.4

92.5

0.7

Data Set

𝑃𝐹𝐴

𝑃𝐷

𝑃𝐹𝐴

𝑃𝐷

𝑃𝐹𝐴

(0.3 𝑚) (0.3 𝑚) (0.46 𝑚) (0.46 𝑚)
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Figure 3-9: Sounding results for the inspected bridge. (a) Bridge deck areas for training and testing
data sets with delaminated areas determined from the manual chain-drag survey marked in blue.
(b) Detection results at 25 km/h showing estimated scanning paths as green lines, delaminated
areas determined from the manual chain-drag survey marked in blue, and delaminated areas
estimated from high-speed acoustic impact-echo testing marked in red. (c) Detection results at 35
km/h using the same color scheme as (b). (d) Detection results at 45 km/h using the same color
scheme as (b). (e) Detection results for the variable-speed passes using the same color scheme as
(b).
3.9

Discussion
The results shown in Figures 3-8b to 3-8d and Table 3-2 demonstrate the excellent

performance of the new high-speed acoustic impact-echo sounding apparatus. The results
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displayed in Figure 3-9e (representing less strictly controlled speeds) also demonstrate a high
degree of robustness across the range of tested speeds.
The speeds used for testing corresponded to a scanning rate of 1680 to 3020 m2 of deck
area per minute. Manual chain dragging of the same area required approximately 80 man-hours,
excluding the time spent by the two flaggers required for traffic control, which equates to a
scanning rate of approximately 2 m2 of deck area per minute. Therefore, the new scanning
platform is two to three orders of magnitude faster than manual chain dragging.
The relative distributions of delaminated areas across the bridge deck studied in this
research are consistent with the results of visual inspection of the bridge deck. Not only does the
south side of the bridge (the left side of each bridge map) exhibit the vast majority of detected
delaminations, but it also exhibits the majority of surface cracks. The damage may be
attributable, at least in part, to observed poor drainage on that side of the bridge, which can lead
to standing water on the deck and greater chloride ion ingress from deicing salt applications
during winter.
A review of the results suggests that testing at 35 to 45 km/h provides slightly more
accurate results than testing at 25 km/h. Testing at higher speed likely generates impacts with
higher energy, which increases the difference in acoustic responses between intact and
delaminated concrete. Testing at a higher speed, where posted speed limits allow, is also
desirable to minimize negative impacts on traffic flow.
Additional work to further improve the new high-speed acoustic impact-echo sounding
apparatus is recommended for further research. Specifically, the CNN could be improved
through training on other bridge decks with different surface conditions, concrete material
properties, and concrete cover depths, for example. Training data sets with delaminations that are
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not readily detectable through manual chain-drag surveys may also be useful for enhancing the
data processing techniques. Finally, additional data collection and analysis may motivate the
development of new CNN models, which could further improve delamination detection
capabilities.
In this research, a few areas where consistent false alarms occurred, such as in Figure 310 at longitudinal distances of 29 and 38 m and a transverse distance of 1.5 m, were determined
to actually be delaminated through additional manual testing after the automated analyses were
completed, indicating that they were apparently missed in the original chain-drag survey despite
the high level of effort made by the researchers to accurately define ground truth. In all analyses,
these corrections to the ground-truth map were excluded. This observation further illustrates the
subjectivity inherent in chain dragging and the value of an automated technology such as the
high-speed acoustic impact-echo sounding apparatus developed in this work.

Figure 3-10: Detailed results for data set B35-NB across a subsection of the bridge deck for all
passes, with delaminated areas determined from the manual chain-drag survey marked in blue,
individual windows that were processed marked as green dots, and delaminated areas estimated
from high-speed acoustic impact-echo testing marked as red dots.
3.10

Conclusion
Development of a high-speed acoustic impact-echo sounding apparatus represents a

significant advancement in concrete bridge deck inspection. The speed of testing, which is
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approximately 1680 m2 per minute even at the slow testing speed of 25 km/h, is at least two
orders of magnitude faster than the speed at which chain dragging can be performed by a single
inspector, not including the additional complications, time, and expense associated with
providing stationary traffic control in order to access the bridge deck. Furthermore, operators are
safely housed in the vehicle during the entire scanning process. Finally, automated generation of
delamination maps provides inspectors with electronic results that can be readily analyzed,
distributed, and stored in bridge management software programs.
In conclusion, a new high-speed acoustic impact-echo sounding apparatus has been
constructed for detecting delaminations in concrete bridge decks using a machine-learning
approach for processing the acoustic data. Leveraging machine learning in this data-intensive
undertaking demonstrates a general solution that is potentially applicable to other traditionally
difficult and complex manual inspection problems.

64

CHAPTER 4.

OUTLIER REJECTION BASED ON GAUSSIAN SYMMETRY
ASSUMPTION

4.1

Motivation for Statistical Detection of Outliers
Because of the difficulty in obtaining measurements on in-service bridge decks, outlier

detection and classification became important in order to analyze every available data set. This
importance is especially pronounced in cases where there was limited knowledge of existing
conditions (i.e., no ground truth available). The process of identifying outliers associated with
delaminations progressed into the more general outlier analysis technique presented in this
chapter.

4.2

Statistical Classification
In many statistical analysis problems, it is necessary to both simultaneously estimate a

distribution parameter and also reject outliers whose presence may distort those estimates. These
actions are necessary not only in traditional data analyses but also in computer vision and realtime control algorithms [49-53]. The problem of rejecting outliers is especially pronounced when
the studied samples come from new or previously unknown distributions, often raising questions
of data validity. However, it may also be beneficial to identify outliers as points of interest for
future analysis, rather than just rejecting them outright. Regardless of purpose, an estimation of
the system and basic categorization must be made in order to identify these outliers from
the ”standard” response.
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This estimation problem has motivated the development of many different statistical
approaches. For example, M-estimators that perform some type of data segregation have been
shown to be extremely versatile and powerful discriminators during estimation [54]. Powerful
techniques, such as the Expectation-Maximization (EM) algorithm, start with random parameters
and iterate to convergence as they fit a predetermined model and have been shown to be
extremely accurate [55]. Conversely, other techniques, such as the Random Sample Consensus
(RANSAC) algorithm, improve analysis speed and are often able to run in real time by taking a
random subset of data to analyze; however, it comes at the cost of unknown performance [56]. In
most of these analyses, some general information about the expected statistical model needs to
be known. This is difficult in cases of new measurements or unknown systems, where statistical
model data such as type or number of distributions is often not known a priori.
Defect detection can also be modeled as a problem of outlier rejection or identification.
In this case, there is also a lack of modeling information, and so one of the most efficient
methods is to estimate the “standard” non-defect samples. This is because the non-defect areas
are generally more uniform and greater in number than the different possible defects that may
occur. As the non-defect sample distribution is better estimated, the defects are also better
defined. In other words, as the standard response of intact samples is better understood, any type
of defect that changes this response can be better identified.
A complicating factor in this process is the amount of data available for analysis.
Generally, analysis is always improved with the inclusion of additional valid data. However,
there are often times when collecting additional data is not feasible due to cost or limited
resources.
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Regardless of method, some type of threshold or division must be applied to the data in
order to achieve a classification. This is often done by analyzing each sample according to the
estimated distributions and categorizing them according to which system has a higher likelihood
ratio at that point. Alternatively, a threshold can be chosen to achieve a specific percentage of
false alarm or missed detections as shown in Figure 4-1. For outlier rejection, choosing a
threshold based solely on a desired probability of false alarm for the standard response is useful,
as the outlier distributions may have too few points to be accurately estimated. However, there is
an inherent tradeoff between minimizing the probability of false alarms and maximizing the
probability of detections. This is most clearly visible when inspecting the probability density
functions (PDF) of the underlying distributions the samples are derived from.

Figure 4-1: A mixed Gaussian distribution demonstrating false alarms and missed detections
resulting from application of a threshold between two Gaussian distributions. The threshold
applied here is located two standard deviations from the mean of the standard response distribution
and results in a false alarm percentage of 2.5% and a missed detection percentage of 1.4%.

In this work, a new iterative algorithm is presented that employs properties of a Gaussian
distribution to simultaneously estimate distribution parameters and classify outliers using limited
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assumptions on the underlying model. Performance of this new algorithm is shown on simulated
data sets and demonstrates substantial improvement over previously-reported non-iterative
hybrid Gaussian estimation and Otsu’s method [20]. The algorithm is shown on collected field
data and is also compared to the EM algorithm.

4.3

Algorithm Assumptions and Computational Outline
Three assumptions are made in the presented algorithm for outlier detection. First, the

non-defect distribution is Gaussian and is referred to as the “nominal” distribution. Second, the
outlier distribution, if present, is skewed primarily to one side of the nominal Gaussian
distribution. This is typical for many defect data sets for which a physical parameter is measured.
Third, a majority of samples are from the non-defect, nominal distribution. Again, this is typical
for many defect data sets.
The algorithm strategy proposed uses the symmetric properties of the Gaussian
distribution to iteratively eliminate outliers by repeatedly resampling the data to converge upon
the nominal distribution parameters, namely the mean value (𝜇) and variance (𝜎 2 ). This
proposed algorithm is called the Normal Symmetry Outlier Rejection algorithm, or NSOR.
In applying NSOR, the direction of the skewed outliers is first determined by comparing
the mean and median values of the entire data set. The median is used as a robust estimator of 𝜇
because of its ability to better reject outliers. Then, employing the symmetry of the Gaussian
distribution, estimation of 𝜎 2 is performed using the half of the nominal distribution that is
further away from the outliers. This better rejects the outliers’ influence.
From these initial estimates of 𝜇 and 𝜎 2 , the data set is resampled by removing data
points greater than a predetermined number of standard deviations from the new estimated μ.
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After this resampling, new estimations of 𝜇 and 𝜎 2 are made to compete the iteration. Each
iteration removes additional outliers and improves the subsequent estimations of 𝜇 and 𝜎 2 .
A stopping condition is necessary to end the iterative trimming process. While other
criteria could be used, the simplest criterion is that the median value does not change between
iterations, and thus no additional outliers are rejected.
Because the NSOR method requires symmetry and good characterization of the nominal
Gaussian distribution, the algorithm may not converge correctly, especially in cases with high
nominal variance or extremely small sample sizes. Therefore, the Shapiro-Wilk test is required to
verify that the estimated nominal distribution is indeed Gaussian. The Shapiro-Wilk test is a
statistical test of normality that is robust even across low sample counts [57]. This test returns a
relative weight value (w), indicating the weighted similarity to a Gaussian curve, as well as a 𝑝value, a decision metric used to verify that the resulting nominal data set can reasonably be
considered to have been sampled from a Gaussian distribution.

4.4

NSOR Algorithm
The NSOR algorithm is outlined in Table 4-1. The input data set, 𝑆, is initially sorted for

computational efficiency. The estimated nominal Gaussian data set, 𝑆̂, is computed iteratively.
Estimates of the nominal Gaussian mean, 𝜇̂ 𝑖 , and standard deviation, 𝜎̂𝑖 , are computed during
each iteration. A standard deviation threshold parameter, 𝐿, is used to classify outliers and is
typically assigned a value of 2.3. After reaching the stopping condition, the Shapiro-Wilk test is
applied with a typical 𝑝-value of 0.05. If the test reasonably suggests convergence upon a
Gaussian, then the sets of inliers, 𝑆̂, and outliers (the complement of that set), 𝑆̂ 𝐶 , are returned
along with the estimated parameters and the resulting p-value.
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Table 4-1: Normal symmetry outlier rejection algorithm
Algorithm
Input: 𝑺, 𝑳
̂, 𝑺
̂𝑪 p-value
̂, 𝝈
̂, 𝑺
Output: 𝝁
̂
𝑺𝒕𝒆𝒑 𝟎: Sort 𝑺 into first 𝑺
̂)
̂ 𝐢=𝟎 = median(𝑺
𝑺𝒕𝒆𝒑 𝟏: Compute 𝝁
̂)] ><? 𝝁
̂ 𝒊=𝟎
𝑺𝒕𝒆𝒑 𝟐: Determine [mean(𝑺
̂>|< 𝝁
̂𝒊 from {𝑺
̂𝒊}
𝑺𝒕𝒆𝒑 𝟑: Compute 𝝈
̂ = {𝒔: (𝒔 < 𝝁
̂𝒊 + 𝑳 × 𝝈
̂𝒊 ) | (𝒔 > 𝝁
̂𝒊 − 𝑳 × 𝝈
̂𝒊 )}
𝑺𝒕𝒆𝒑 𝟒: Create new trimmed 𝑺
̂)
̂ 𝐢=𝐢+𝟏 = median(𝑺
𝑺𝒕𝒆𝒑 𝟓: Compute 𝝁
̂ 𝐢=𝐢+𝟏 ≠ 𝝁
̂ 𝐢=𝐢 then go to Step 3
𝑺𝒕𝒆𝒑 𝟔: If 𝝁
̂
𝑺𝒕𝒆𝒑 𝟕: Perform Shapiro − Wilk test on 𝑺
̂ 𝑺
̂𝑪 , p-value
̂, 𝝈
̂, 𝑺,
𝑺𝒕𝒆𝒑 𝟖: Return 𝝁

4.4.1

Algorithm Demonstration on Two Gaussian Distributions
A demonstration of NSOR convergence is shown in Figure 4-2. Two Gaussian

distributions represent the nominal and outlier data sets. The nominal Gaussian has a mean of 0.0
and a standard deviation of 1.0. The outlier distribution has a mean of 4.0 and a standard
deviation of 1.5. The nominal distribution percentage (𝑝0 ) is 55% of the overall data set of 100
samples.
The example given in Figure 4-2 converged in seven iterations to 𝜇0 = 0.16 and 𝜎0 =
0.96. After applying a two-standard-deviation threshold based on the estimated parameters, this
data set resulted in a 𝑃𝐷 = 81.8% and 𝑃𝐹𝐴 = 1.81%. If this threshold were applied to the
underlying distributions generating the data set, the theoretical performance values would be
𝑃𝐷 = 90.1% and 𝑃𝐹𝐴 = 2.0%. As discussed above, because the underlying Gaussian
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distributions have infinite extent and thus overlap across any applied threshold, it is never
possible to achieve 100% 𝑃𝐷 or 0% 𝑃𝐹𝐴 , and any threshold chosen has to balance these statistics.
Additionally, theoretical performance values can only be computed when the parameters of the
generated data sets are known exactly.

Figure 4-2: Demonstration of NSOR convergence for two Gaussian distributions.

Table 4-2: Estimated parameters during convergence.
Iteration
Parameter
̂𝒊
𝝁
̂𝒊
𝝈
̂𝒊 + 𝑳 × 𝝈
̂𝒊
𝝁

4.4.2

Start

1

2

3

4

5

6

7

1.24

1.24

0.75

0.46

0.36

0.27

0.16

0.16

-

1.54

1.23

1.08

1.05

1.02

0.96

0.96

-

4.79

3.58

2.94

2.78

2.62

2.36

2.36

NSOR Algorithm Adjustments and Augmentations
Additional information can be used to refine and improve NSOR estimates. If it is known

a priori which direction the outlier distributions are located, then the algorithm can be adjusted to
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only converge towards the nominal distribution. Additionally, if the direction of the outlier
distributions is known and the algorithm does not converge, then a percentage of the outlier
distribution can be removed (up to a quartile of the remaining sorted data). This removal process
can be done repeatedly until a nominal distribution is found or until the number of samples
becomes too low for reasonable nominal distribution estimation. Therefore, if the location of the
outliers is known, the algorithm can converge on a nominal distribution with 𝑝0 < 50%.
Pre-testing the full data set with the Shapiro-Wilk test can also be an additional strategy.
This decreases the likelihood of unnecessary trimming in the case that few or no outliers are
present. In that case, a single iteration of NSOR might remove too much of the data set for the
remainder to be considered Gaussian by the Shapiro-Wilk test, resulting in a failure to converge.
However, this adjustment may prematurely stop the algorithm before analysis can be done on
two heavily overlapped Gaussians of similar sample size and variance as they appear to be
Gaussian to a Shapiro-Wilk test.

4.5

Simulated Results
In order to demonstrate the NSOR algorithm’s performance across a variety of

parameters, simulated data were created, and parameter estimation was performed using a variety
of techniques. In these simulations, the parameters of the nominal distribution were recorded
with a subscript of 0 and the outliers with a subscript of 1 and, when a second or additional
outlier distribution was present, a subscript of 2. For each set of fixed parameters, a new data set
was created 500 times to test robustness of the performance. The sample data sets were limited to
100 data points to estimate performance in the target case of limited data availability. Error bars
in all plots are shown at two standard deviations from the average of the estimated parameter.
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4.5.1

Parameter Estimation Versus 𝒑𝟎
NSOR parameter estimation with true values is shown in Figure 4-3. The outlier

distribution in this case was modeled as a Gaussian distribution. The percentage of data present
in the nominal set, written as 𝑝0 , is varied. An estimate of 𝑝0 , shown as 𝑝
̂,
0 was obtained by
applying a classification threshold at two standard deviations from the estimated parameters. The
Shapiro-Wilk w and p-values for the original full data sets and for the NSOR-estimated nominal
data sets are shown in Figure 4-4.

Figure 4-3: Parameters estimated versus 𝒑𝟎 from the NSOR algorithm for 𝝈𝟎 , 𝝈𝟏 = 𝟏, 𝝁𝟎 =
𝟎, 𝝁𝟏 = 𝟒.

Figure 4-4: Shapiro-Wilk test values resulting from NSOR estimation corresponding to results of
Figure 4-3.
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For comparison with NSOR, parameter estimation using the EM algorithm is shown in
Figure 4-5. Analysis was done with the same parameters used in Figure 4-3. Estimation of 𝑝0
was performed by applying the same two-standard-deviation threshold that was used in the
NSOR algorithm. For consistency, when using the parameters calculated by the EM algorithm,
the Gaussian distribution with the lower mean value was considered to be the nominal
distribution.

Figure 4-5: Parameters estimated versus 𝒑𝟎 from the EM algorithm estimation.
4.5.2

Threshold Parameter Sensitivity
The optimal trimming threshold value, L, depends on the distributions that are present in

the data set. This does allow for a universal optimal value, but in general values between 2.6 and
1.8 can be used. Higher values of L perform better when there is little or no overlap between the
distributions, as it removes less points per iteration. Low values of L perform better in cases of
high overlap by removing more outliers, but it may remove too many outliers and fail to converge
in a Shapiro-Wilk test. To demonstrate this, the NSOR results for different L values are shown in
Figure 4-6 for a data set with 𝜇0 = 0, 𝜎0 = 1.0, 𝜎1 = 1.5, and 𝑝0 = 0.7 for different values of 𝜇1 .
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A classification threshold of 2.0 was applied to the resulting estimated parameters from the NSOR
algorithm to determine 𝑝
̂.
0

Figure 4-6: NSOR parameter estimation for different L values. (Left) High overlap 𝝁𝟏 = 𝟑. 𝟓.
(Right) Low Overlap 𝝁𝟏 = 𝟓. 𝟎.
4.5.3

Data Classification Algorithm Comparison
To demonstrate the performance of the NSOR algorithm, NSOR, EM, and Otsu’s method

were used to classify data with varying parameters and characteristics, as shown in Figure 4-7.
For NSOR and EM, the classification threshold was placed at two standard deviations above the
mean of the nominal Gaussian data set. The method for selecting the threshold from Otsu’s
method was unmodified. In its general form, Otsu’s method places the threshold at the location
of the maximum inter-variance between the two Gaussian distributions. In Figure 4-7, the
threshold can be compared against the 95% inclusion region for the nominal distribution.
The baseline simulation consisted of samples that were generated from two Gaussian
distributions with parameter values of 𝑝0 = 0.7, 𝜇0 = 0.0, 𝜎0 = 1.0, 𝜇1 = 5.0, and 𝜎1 = 2.0.
Analysis on 500 repetitions of the 100-sample-size data sets were performed. The average of the
thresholds and error bars representing two standard deviations from average were plotted.
Modifications to these simulation conditions were indicated in the different plots to explore
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performance under varying conditions. In Figure 4-7f, a uniform distribution was used in place
of a Gaussian distribution for outliers. In Figure 4-7g, a second Gaussian distribution (𝜇2 = 5.0,
𝜎2 = 1.0) was added to the outlier distribution; probability parameters for the first outlier
Gaussian distribution was given by 𝑝1 = 0.22 and the second outlier Gaussian distribution was
given by 𝑝2 = 0.08. In some cases, the NSOR algorithm failed to converge because the
estimated nominal data set did not meet the Shapiro-Wilk test condition for normality. NSOR
failure to converge is reported where applicable and these data sets were excluded from EM and
Otsu’s method for consistent results.
A numerical summary of the algorithms’ performance is found in Table 4-3. This
summary focuses on the percent error between the estimated designed threshold placed at two
standard deviations from the nominal response and the designed threshold if the parameters were
known exactly. This was done for each simulated sample point 𝑠 and were averaged using the
equation
1

𝐸𝑟𝑟𝑜𝑟[𝑠] =

̂ [𝑛]))
(𝑁 ∑𝑁−1
𝑛=0 (𝑇
𝑇[𝑛]

,

(4-1)

where 𝑇̂[𝑛] = 𝜇
̂[𝑛]
+ 2.0 ∗ 𝜎
̂[𝑛],
𝑇[𝑛] = 𝜇0 + 2.0 ∗ 𝜎0 , and 𝑁 = 500.
0
0
The maximum and averaged values of this analysis are reported along with the top
standard deviation on the threshold values using the equation
𝑇𝑜𝑝 𝑆𝑇𝐷[𝑠] =

𝑠𝑡𝑑(𝑇̂)
𝑇[𝑛]

,

(4-2)

where 𝑇̂[𝑛] > 𝑚𝑒𝑎𝑛(𝑇̂[𝑛]).
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This was done in the same manner for the bottom standard deviations. Finally, failure to
converge is reported as a percentage of points across all tests run for that data set.

Figure 4-7: Estimated thresholds from Otsu’s method, EM, and NSOR plotted on representations
of the Gaussian distribution. Variable comparisons for: (a) 𝒑𝟎 , (b) Total sample set size, (c) |𝝁𝟏 −
𝝁𝟎 |, (d) 𝝈𝟏 with 𝝁𝟏 = 4.0, (e) 𝝈𝟎 , (f) Uniform outlier distribution, (g) |𝝁𝟏 − 𝝁𝟎 | with outliers
defined by two Gaussian distributions, and (h) Augmented algorithm performance for known
outlier location.
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Table 4-3: Resulting threshold error on each test and threshold method.
Simulated Test

Method

a) Outlier Percentage
𝒑𝟏

NSOR
EM
Otsu
NSOR
EM
Otsu
NSOR
EM
Otsu
NSOR
EM
Otsu
NSOR
EM
Otsu
NSOR
EM
Otsu
NSOR
EM
Otsu
NSOR
EM
Otsu

b) Total Data Set
𝑵{𝑺}
c) Distribution Offset
|𝝁𝟏 − 𝝁𝟎 |
d) Standard Deviation
Outliers
𝝈𝟏
e) Standard Deviation
Outliers
𝝈𝟎
f) Uniform Random
Variable
g) Two Outlier
Gaussian Distributions
h) Extended Outlier
Percentage
Augmentation
4.6

Max.
Avg.
Error
7.7
58.0
100.0
5.8
5.7
40.5
18.4
9.2
92.0
8.1
1.08
77.6
20.5
42.0
76.8
9.1
21.2
80.9
6.6
40.0
124.2
16.9
58.5
100.7

Avg.
Error
3.5
3.8
66.9
1.6
3.3
38.0
6.5
3.1
45.1
3.1
5.0
47.8
9.9
17.7
45.7
3.8
10.6
42.1
3.2
15.3
94.5
3.2
5.3
74.3

Avg.
Top
STD
23.5
17.6
40.8
29.0
22.0
23.1
26.0
18.0
24.1
26.4
20.7
24.8
33.8
19.3
12.0
26.0
22.9
24.9
25.6
28.7
33.5
31.8
29.0
30.4

Avg.
Bottom
STD
27.6
15.9
29.4
30.5
19.3
19.9
29.0
17.7
20.1
28.9
17.6
19.9
42.1
17.2
11.6
29.2
19.2
24.1
28.8
20.0
26.8
32.1
19.3
25.9

Failure to
Converge
Percentage
1.25
0.81
3.79
2.90
3.74
0.41
0.68
0.91
-

Discussion
As demonstrated in Figure 4-7 and in Table 4-3, the NSOR algorithm is both accurate

and stable across the majority of test conditions. The algorithm converges in almost all cases and
can return a confidence metric of the estimated parameters in the form of the Shapiro-Wilk pvalue.
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The NSOR algorithm returns similar results to the EM algorithm in most cases, albeit
with a higher standard deviation. This higher standard deviation is especially noticeable when
outliers begin to heavily overlap with the nominal distribution (Figure 4-7c). In this case, the
NSOR estimation peaks at 9.2% worse than the EM algorithm.
However, as designed, the NSOR algorithm is especially powerful for very high values of
𝑝0 (Figure 4-7a). In this case, the NSOR algorithm has a peak improvement of 50% over the EM
algorithm. However, the algorithm still fails to converge in approximately 3.5% of the cases
where 𝑝0 ≈ 1 (Figure 4-3). This failure to converge is due to the median being skewed to one
side of the distribution and a single iteration trimming too many data points. This can be partly
reduced by the pre-testing augmentation of the Wilk Shaprio test mentioned but, as previously
discussed, at the loss of performance in cases of similar standard deviations and overlapping
Gaussians.
If the location of the outliers is known, then the augmented NSOR algorithm is able to
offer an improvement in measurable range by removing additional outliers after an unsuccessful
Gaussian estimation. NSOR struggles in that it still tends towards extremely low nominal
percentage values (as in the case shown where 𝑝0 < 0.35). However, this performance was not
significantly worse than the EM algorithm.
The benefit NSOR has over the EM algorithm is more consistency in non-Gaussian or
multiple different Gaussian outlier distributions (Figures 4-7f and 4-7g), where the results show
an average improvement of approximately 7% and 12%, respectively. This is expected, as this is
the other area where the EM algorithm model is not accurate and will often not converge while
the NSOR algorithm is relatively unaffected.
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There are some limitations to the NSOR algorithm. It does not perform well with highly
varied nominal distributions (Figure 4-7e). However, even in this state, the NSOR algorithm
does not perform worse than the EM algorithm or Otsu’s method.
The NSOR algorithm is also easily adjustable for different circumstances. The limiting
value L can be increased within the algorithm to decrease the number of samples trimmed during
each iteration, improving stability in distributions that are slightly overlapped. Conversely, low L
values increase the ability to trim and converge on highly overlapped data. Additionally, the pvalue from the Wilk-Shapiro test, required to determine a successful convergence, can be
lowered for data that cannot easily be modeled by a Gaussian distribution. However, lowering
the threshold for inspection may result in a higher rate of false convergences.
An additional consideration is the use of the NSOR algorithm as a pre-test or in hybrid
methods. Due to the nature of NSOR as an estimation tool for when there is little or no
information about the data set, this algorithm acts as a preliminary analysis to determine
additional information needed for other techniques.

4.7

Analysis on Impact-Echo Data
To demonstrate performance on field measurements, the NSOR algorithm was run on

measured data from a previous impact-echo platform as shown in Figure 4-8. This platform
consists of individual mallets that impact the bridge deck at designated locations, with each
strike position recorded. Each sample was analyzed with a time-frequency analysis, which
estimated the power within the expected frequency range for the flexural mode of the concrete,
with a higher power correlated to a defect within the bridge deck [19, 20] . These results were
then plotted and categorized with a calibration threshold for a “maybe delaminated” category
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shown in yellow, a “definitely delaminated” category shown in red, and intact areas shown in
blue.

Figure 4-8: Impact-echo hammer trailer performing a bridge deck scan.

However, in the data below, the bridge was not scanned at one time and had a thicker
polymer overlay than previously encountered. The first scan occurred at approximately 8 a.m.,
and the second scan could not occur until after noon, when the temperature had warmed over 20
degrees Celsius, softening the polymer overlay. The temperature differential combined with
some calibration issues were discovered later, resulting in different scaling and offsets for each
of the channels on the bridge measurements. This rendered the data useless for a single
threshold, as shown in Figure 4-9. Even though it was not possible to resample the data, some
metric of performance was desired.
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Normalization was attempted on the data in order to find outliers representing
delaminations. This was possible because the response of the intact concrete for each channel
could still be modeled as individual Gaussian distributions across the bridge deck. While ground
truth was not available, the Utah Department of Transportation (UDOT) performed a quick
manual survey and provided rough locations of delaminations. These results are shown with
marked correlations in Figure 4-10. The NSOR and EM algorithms were used for parameter
estimation and, in turn, used to normalize the results, as shown in Figures 4-11 and 4-12,
respectively. Both normalization methods were shown with a “maybe delaminated” region
marked in yellow at 2.4 standard deviations and a “definitely delaminated” region at 3.2 standard
deviations. Delamination thresholds were chosen based on the greatest correlation after
comparison with the UDOT map.

Figure 4-9: Delamination map for a bridge deck using a single previously calibrated threshold.
Blue, yellow, and red indicate estimated intact, unsure, and delaminated concrete, respectively.
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Figure 4-10: Manual delamination survey performed by UDOT technicians with correlated
delaminated areas marked in red squares. These delaminations are grouped into different ovals
with highly delaminated areas marked in red, minimal delaminated areas marked in blue, and areas
with large differences marked in yellow.

3
Figure 4-11: Delamination map normalized by NSOR using the same threshold values as the EM
algorithm (Figure 4-12). Correlated delaminated areas with UDOT map (Figure 4-10), with highly
delaminated sections circled in red, mostly intact areas circled in blue, and areas of substantial
differences marked in yellow.
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Figure 4-12: Delamination map normalized by the EM algorithm using the same threshold values
as NSOR (Figure 4-11). Correlated delaminated areas with UDOT map (Figure 4-10), with highly
delaminated circled in red, mostly intact areas circled in blue, and areas of substantial differences
marked in yellow.

4.8

Conclusion
This new Gaussian estimation NSOR technique is a very powerful general classification

algorithm. The algorithm remains stable across a large variety of parameter values and outlier
distribution types, making it a robust estimation technique. As long as three limiting assumptions
can be made, the algorithm is particularly useful when virtually nothing is known about the
overall system and no additional data can be collected. In these situations, it may outperform the
celebrated EM algorithm.
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CHAPTER 5.

5.1

CONCLUSION

Contributions
Developing methods of detecting defects in infrastructure is an important goal in order to

prioritize and inform repair and rehabilitation efforts. These inspection techniques are crucial in
order to maximize the limited funds available for these efforts. Within this decades-long global
effort, bridges represent both a large investment and crucial link in the transportation
infrastructure. Internal cracking, called delamination, is a destructive form of deterioration that
needs to be identified. However, there is no method yet that has been shown to be able to identify
this deterioration both accurately and rapidly. Therefore, new methods are needed to inspect
bridges accurately at high speed in order to ensure proper maintenance and safety. This research
advances the understanding and application of delamination detection and estimation.
Measurements have experimentally shown that the acoustic radiation from concrete
bridge decks is predominately vertical radiation centered across the majority of the delamination
surface. Experiments were performed with a custom microphone array that was built to isolate
and measure the flexural modes of the concrete bridge deck. Measurements and subsequent
analyses were performed on an in-service bridge deck, decommissioned bridge deck slabs, and
simulated delaminations created for this purpose. Better understanding of delaminations as
acoustic sources is necessary for localizing acoustic signals and for the improved design of
impact-echo recording and microphone placement. This study has also demonstrated additional
difficulties in manual delamination surveys; defining an edge is subjective, and excitation of
nearby delaminations can occur even if they are not contiguous. Lastly, this research also
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demonstrated a simple method to create simulated non-ideal delaminations, which should
improve detection algorithms.
The first truly high-speed impact-echo platform to measure delaminations in concrete
bridge decks was developed, allowing for delamination detection without the use of stationary
traffic control. This was accomplished by the development of a new excitation method and an
audio and localization system to record the data. This system then synchronized the data and,
using a Kalman filter and CNN, produced a probability of delamination for each window of
audio. This was then mapped back onto the bridge deck. The data were statistically analyzed and
demonstrated approximately 90% accuracy for detecting delaminations found during a manual
chain-drag survey within a 0.30-m radius with a 2% false alarm rate. This represents an ordersof-magnitude increase in speed while maintaining or improving accuracy. This development is
crucial as it is the first system to nondestructively interrogate bridge decks accurately with little
to no disruption of traffic flow.
Finally, a new algorithm was developed that was able to effectively detect and reject
outliers. The NSOR algorithm was used on synthesized data and demonstrated robustness across
a large variety of parameters. NSOR’s results were successful with extremely limited
assumptions and outperformed the EM algorithm under certain conditions. NSOR was then
applied to field acoustic data to detect outliers representing suspected delaminations. The results
of this application had a high visual correlation with those obtained from a manual chain-drag
survey.
While additional research is needed to advance the techniques in this work, the
contributions presented above support the continued development of understanding and
performance of rapid nondestructive testing of crucial infrastructure.
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5.2

Future Work
Despite the success of the current work, there are many aspects of this research that

warrant further investigation. Below are some directions that could be pursued, building on the
research in this dissertation:
Longevity Study of Delamination Spread – This work opens a new opportunity for this
technology to measure the development and spread of delaminations within concrete. This has
never been possible on an in-service bridge deck, as repeated traffic closures multiple times per
year for many years is not practical. However, as this new platform can collect data without
interrupting traffic flow, not only could multiple tests over time be easily conducted, but other
data, such as weather, traffic, and deck strain, measured separately, could be compared. This
could greatly improve overall understanding of other factors affecting internal deterioration of
bridge decks.
Crosstalk Between Channels – Discussed in Chapter 2 and somewhat visible in
delamination maps in Chapter 3, the extremely loud impacts of a delamination can be detected
by adjacent microphones, limiting localization when simultaneous impacts are occurring.
Directionally improving the recording, most likely through the use of multiple microphones and
possibly additional acoustic insulation, should improve the results, but this new platform and
analysis would require additional development. Multiple-channel audio data could also be fed
through the machine-learning algorithms as more data become available.
Improved Localization – Similar to crosstalk between channels, Chapter 2 demonstrated
that delaminations may be excited from impacts on adjacent intact concrete. This physical
response explains the limited success achieved in Chapter 3 at localizations below 0.30 m. It is
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suspected that multiple microphones and placement of acoustic insulation would assist in this,
but additional modeling of delaminations and algorithmic development are required.
Edge Analysis of Delaminations – If multiple microphones are utilized, as suggested in
the previous two areas of future work, then additional research may be able to infer
measurements from areas not directly excited from an impact. This could allow for extremely
detailed measurements without adding complexity, such as a large number of additional
impacting wheels.
Bayesian Occupancy Grid – Perhaps the single largest improvement that could be made
is the introduction of a Bayesian grid for the classification of delaminated areas when creating
the delamination maps. Combining the modeling of delaminations started in Chapter 2 and
additional research into continuous impacts could allow for the probabilistic modeling needed for
this technique. This means that the contribution of a single false alarm is limited by the data
around it, allowing for threshold adjustment and increased detection.
Correlation and Probability Distribution Function Modeling in Conjunction with
Vertical Electrical Impedance – The other analysis technique developed in parallel with the
impact-echo platform is the vertical electrical impedance technique. This platform measures the
rate of potential ingress of chloride ions within the concrete. Preliminary results have
demonstrated an expected correlation between measurement systems; further analysis may lead
to improved correlation modeling and detection of defects outside of normal deterioration,
allowing for targeted repairs.
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